Abstract Land use and land cover change (LUCC) models frequently employ different accessibility measures as a proxy for human influence on land change processes. Here, we simulate deforestation in Peruvian Amazonia and evaluate different accessibility measures as LUCC model inputs. We demonstrate how the selection, and different combinations, of accessibility measures impact simulation results. Out of the individual measures, time distance to market center catches the essential aspects of accessibility in our study area. The most accurate simulation is achieved when time distance to market center is used in association with distance to transport network and additional landscape variables. Although traditional Euclidean measures result in clearly lower simulation accuracy when used separately, the combination of two complementary Euclidean measures enhances simulation accuracy significantly. Our results highlight the need for site and context sensitive selection of accessibility variables. More sophisticated accessibility measures can potentially improve LUCC models' spatial accuracy, which often remains low.
INTRODUCTION
Methodologies and tools for spatial simulation of land use and land cover change (LUCC) have experienced rapid development during the past few decades (Hibbard et al. 2010 ). Despite these advances the level of uncertainty regarding the location and the amount of change in LUCC simulations remains high (Pontius et al. 2008) . Moreover, data availability, quality, and suitability continue to be acute questions for the selection of spatial variables used for simulations and for the overall reliability of the models (Veldkamp and Lambin 2001) .
In terms of environmental data we are doing rather well: High resolution global data on environmental systems have become widely available through remote sensing and extensive global environmental monitoring efforts (e.g., Achard et al. 2007; Batjes 2009 ). Data on commonly used biophysical variables in LUCC modeling (elevation, slope, soils, precipitation, etc.) are thus relatively easy to obtain. Challenges of scale, quality, and interoperability of such global datasets have been widely examined (e.g., Verburg et al. 2011b) . In contrast to these directly observable biophysical variables, corresponding consistent information on human systems is much harder to find (Veldkamp and Lambin 2001; Verburg et al. 2011a) . Human systems are more difficult to quantify than biophysical variables and the relevance of different anthropogenic surrogate variables often remains unexplored.
Physical accessibility is one of the most commonly used surrogates for human pressure on the environment. It is regarded as one of the strongest predictors of the location of land changes: proximity to transport network, particularly roads, is seen to explain changes resulting from new infrastructure investments (Kirby et al. 2006 ) and proximity to urban centers is considered to explain changes related to population pressure and market influence (Alvarez and Naughton-Treves 2003) .
Despite the evident importance of accessibility, there is no clear consensus on how to conceptualize and quantify it Electronic supplementary material The online version of this article (doi:10.1007/s13280-013-0463-x) contains supplementary material, which is available to authorized users.
for modeling purposes (Geurs and van Wee 2004) . The methodological development around accessibility measures has mainly happened in the fields of transportation and urban geography and the methods developed have only partially been adopted by LUCC modelers. Travel time and other cost distance measures have for some time been proposed as realistic surrogates for accessibility (e.g., Ingram 1971; Verburg et al. 2011a) , and there are examples of LUCC models that employ time distance or transport cost as accessibility inputs (e.g., Cropper et al. 2001; Verburg et al. 2004a; Merry et al. 2009; Mann et al. 2010; Bowman et al. 2012; Schirpke et al. 2012 ). Nevertheless, in many LUCC models, accessibility is still quantified as straight-line distances to a transportation network, to population and/or market centers and to previously changed areas (e.g., Laurance et al. 2002; Chomitz and Thomas 2003; Mas et al. 2004; Viña et al. 2004; Jasinski et al. 2005; Kirby et al. 2006; Soares-Filho et al. 2006; Pan et al. 2007; Kim 2010; Thapa and Murayama 2011) .
The role of accessibility in land change processes is particularly interesting in Amazonia. Vast deforestation is typically associated with the Brazilian Amazon where state settlement programs have encouraged the populating of what had previously been poorly accessible areas. This development has involved extensive infrastructure building, typically followed by increasing deforestation rates (Kirby et al. 2006) . A contrasting example is provided by north-eastern Peruvian Amazonia which has remained more sparsely populated and relatively poorly accessible. There transportation and movement are largely based on rivers and deforestation rates are considerably more moderate than in neighboring regions (Imbernon 1999) .
In this paper, we systematically test the effect of different accessibility measures on a LUCC model that simulates deforestation dynamics in north-eastern Peruvian Amazonia. Region-specific specialties in transport systems, such as fluviality in our case, are a typical challenge for accessibility analyses in the tropics. We carry out a retrospective modeling exercise (from no deforestation to the present day deforestation pattern) and focus particularly on two questions: (i) What is the impact of different accessibility input variables on LUCC modeling results? and (ii) Which accessibility measure(s) together with other landscape variables yield the most reliable deforestation simulations? The general considerations on different accessibility measures provided by our examples are applicable in any context. Moreover, this particular case study provides concrete inputs for LUCC models in the fluvial landscapes of Amazonia where LUCC is a particularly important topic, given the local and global significance of the region (Cochrane and Laurance 2008) .
MATERIALS AND METHODS

Study Area
Our case study area is located in the Loreto Region, northeastern Peruvian Amazonia (Fig. 1) . The area is a biodiversity hotspot and even today it is still among the most inaccessible regions in the world (Nelson 2008) . There are very few roads in Loreto but the region is well connected by branching and highly meandering rivers that form the backbone of regional transportation. As a majority of transportation within the region is fluvial, the dynamic river network shapes patterns of accessibility between the regional core and the hinterland (Salonen et al. 2012) . Meandering channels are the dominant river channel type in the area (Puhakka et al. 1992) , and the high sinuosity of the channels implies that travel routes may end up being much longer than straight-line distances (Toivonen et al. 2007 ). Apart from Iquitos (the main market center of the region with circa 400 000 inhabitants) and a few secondary towns, the population is sparse and located along river courses.
Agriculture and forestry are among the most important economic activities in Loreto (Kvist and Nebel 2001) and agricultural expansion is the main cause of deforestation in the region (MINAM 2009 ). Forests in Loreto are well preserved in comparison to other regions in Peruvian Amazonia: although in absolute numbers Loreto ranks third in regional comparison of deforested area, the relative share of deforestation in Loreto is among the smallest (MINAM 2009).
Study Design
In order to assess the influence of different accessibility measures on deforestation simulations, we made a comparison of independent LUCC model runs, each run having a different set of input variables. The starting point of the simulations was a hypothetical situation where no deforestation had occurred in the landscape and the reference situation was the deforestation observed in the year 2000. Although we acknowledge the importance of independent validation (Kok et al. 2001 ), we performed the simulation for the calibration period and used the same dataset of year 2000 for calibration and validation. This was done, because we were interested in assessing the success of landscape pattern simulations as such rather than in future projections (see Mas et al. 2012 for a similar approach). The analysis focused solely on deforestation, without regarding forest regeneration. A total of 11 input dataset combinations were tested (Table 1; Fig. 2 ), as follows: First we tested the isolated influence of each accessibility variable by running the model with four different accessibility measures as the only inputs for the model (4 runs). Secondly, in order to demonstrate the effect of the other variables, simulations Groups A1L-A4L
were performed using only a group of landscape variables without any data on accessibility (1 run). (The results of these first 5 runs are presented in Figs. S1 and S2, Electronic Supplementary Material.) Thirdly, the model was run using each individual accessibility variable together with the landscape variable group (4 runs). Finally, the joint influence of the two possibly complementary accessibility measures (distance to transport network and distance to center) was tested by running the model with a combination of the landscape variable group and the two accessibility measures (distance to center tested both as Euclidean distance and as time distance) (2 runs).
Model Inputs
The model received three datasets as inputs: (1) a map describing the land cover at the beginning of the modeling period (hereafter the initial landscape), (2) a map presenting the real deforestation pattern at the end of the modeling period (hereafter the final landscape), and (3) a set of explanatory variables that potentially influence the spatial distribution of deforestation (hereafter spatial determinants of deforestation). All the inputs were tiff images with a cell size of 100 m.
The exact study area was delineated as a rectangle (covering approximately 200 000 km 2 of Loreto) around the city of Iquitos (see Fig. 1 ). This delineation was applied in order to capture the deforestation patterns within the influence area of Iquitos and to restrict the influence of other cities, such as Pucallpa, in the neighboring Ucayali region.
Initial and Final Landscape Maps
The initial and final landscape maps contained three land cover classes: floodplain, forest, and non-forest. The flood plain included the river network and inundated areas as defined in the Ecological Systems classification (Josse et al. 2007 ) ( Table 1 ). The forested area covered everything except for the flood plain and the deforested area.
As the initial landscape map described a situation where no deforestation had occurred around Iquitos, the deforested area was represented with a single non-forest spot indicating the location of the city. The final landscape map, in turn, represented the deforestation pattern in the year 2000 outside the flooded areas (Table 1) . The difference in deforested area between the initial and the final landscapes was 3376 km 2 which represents 1.7 % of the study area. 
Spatial Determinants of Deforestation
The spatial determinants of deforestation consisted of different accessibility measures and selected landscape features reflecting environmental conditions and land use restrictions in the study area (Table 1) . As our focus was on the accessibility measures (called A1, A2, A3, A4, as defined later), we used the landscape variables as one group (Group L), without analyzing the individual role of these variables. Variable groups where each accessibility measure was used together with the landscape variable group L are called A1L (accessibility measure A1 ? landscape variable group L), A2L (measure A2 ? group L), A3L (measure A3 ? group L), and A4L (measure A4 ? group L). We also tested the combination of two possibly complementary accessibility measures (distance to urban center and distance to transport network) together with the landscape variables, in order to see whether the two accessibility measures together performed better than each of them alone. These variable groups are called A1A2L (accessibility measures A1 and A2 and the landscape variable group L) and A4A2L (measures A4 and A2 and group L).
Accessibility Variables
We tested four different accessibility measures, all of them computed with Spatial Analyst Tools in ArcGIS 9.3.1 (ESRI, Redlands, CA, USA). Euclidean distance to center (variable A1) was measured as a straight-line distance from each cell to Iquitos, without regarding the transportation network. Similarly, Euclidean distance to network (A2) was measured as a straight-line distance from each cell to the closest river or road network cell. Network distance to center (A3) was calculated with a cost distance algorithm, using impedance values that corresponded to actual distances in meters. Consequently, the final cell values represent realistic travel distances from each cell to Iquitos, along the transportation network. Finally, time distance to center (A4) was calculated with a cost distance algorithm and the impedance values were defined based on GPS-measured travel speeds along different rivers. The observed navigation speeds ranged from 7.0 to 21.3 km h -1 , larger rivers generally receiving smaller impedance values (indicating faster movement) and smaller rivers larger impedance values (indicating slower movement). Driving speed along the one existing road (100 km long, between Iquitos and Nauta) was defined as 60 km h -1 and the speed of traveling on land areas was set at 3 km h -1 , corresponding to a relatively slow walking speed. The final cell values reveal travel times from the cell center to Iquitos, along the river network. For a more detailed description of the data and methodology for calculating the different accessibility measures, see Salonen et al. (2012) .
The spatial appearance of all accessibility variables is shown in the upper left box in Fig. 2 .
Landscape Variables: Environment and Land Tenure The topography of the study area was depicted by SRTM data and the geological map of Peru was used to determine different geological formations (Table 1) . Floristic patterns in Amazonia are strongly associated with underlying geological patterns (Tuomisto et al. 1995) and, thus, the geological entities and their edaphic properties were used as a model input instead of a soil map that was only available at a very coarse resolution. Naturally, both the topography and the geological formations reflect the patterns of the floodplain and the river network.
Other abiotic environmental variables occasionally used in LUCC modeling, such as precipitation and temperature, were omitted from the analysis, given their minimal variation and uniform distribution across the study area.
Land tenure was represented with two spatial variables known to have an effect on land use patterns in Amazonia (see Oliveira et al. 2007 ): protected areas and indigenous territories. In the year 2000 there were three protected areas in the study area. The largest of these, Pacaya-Samiria (south-west of Iquitos), was already established as a national reserve, while the two other areas (AllpahuayoMishana in the proximity of Iquitos and Pucacuro further north-west close to the Ecuadorian border) had the status of a ''reserved zone'' (SERNANP 2012). Indigenous territories are areas titled to or used by indigenous groups in Loreto. These vary in size and shape and are located mainly along rivers.
The spatial appearance of all landscape variables is shown in the upper right box in Fig. 2 .
The LUCC Modeling Procedure
Land change simulations were done using Dinamica EGO (version 1.6.2), which is a cellular automata model initially developed for simulation of Amazonian landscape dynamics (Soares-Filho et al. 2002) . Dinamica has been widely applied to explore different LUCC processes in many parts of the world, ranging from tropical deforestation (e.g., Maeda et al. 2010 Maeda et al. , 2011 Fuller et al. 2011 ) to urban growth dynamics (Thapa and Murayama 2011) .
The LUCC simulation procedure in Dinamica can be divided into a series of distinct phases (see Fig. 2 ): (i) estimation of land change rates based on historical data on change rates in the landscape, (ii) quantification of land transition probability and its spatial distribution based on the Bayesian Weights of Evidence (WoE) method (Bonham-Carter 1994; Soares-Filho et al. 2009 ), (iii) spatial allocation of changes, and (iv) model performance assessment and validation. The model is calibrated by modifying the share of pixels allocated through two complementary allocation algorithms (expander and patcher) and by defining the mean patch size, patch size variance, and patch isometry of the simulated deforestation patches.
In phase (iii) the transitions are allocated in iterative steps, the number of which is determined by the user. The expander function expands already existing patches of a certain land cover class and thus exhibits feedback (spatial path dependence) over the allocation steps (see Brown et al. 2005) . The patcher function, in turn, is designated to generate new deforestation patches through a seed formation mechanism ). Both of these algorithms use a stochastic selecting mechanism which consists of scanning the initial landscape map to sort out the cells with the highest change probabilities (determined by the WoE method). When selecting cells for transition, the algorithms first arrange cells with the highest probabilities in a data array and then randomly select transition cells from the top to the bottom of the array. (For a full description of the methodology, see Soares-Filho et al. 2002 In this study the land change rates were inevitably correct in all the simulations as the calibration and validation periods were the same. Different settings were tested when calibrating the model and the final parameters used were the following: Ninety percent of the changes were allocated using the patcher algorithm and the remaining 10 % by the expander. The mean patch size was set to 1 ha/ 2 ha (patcher/expander, respectively), patch size variance to 5 ha and patch isometry to 1. Land changes were allocated in 20 iterative steps. Furthermore, we iterated each model run 16 times in order to see, how the stochastic component of the model affected the results. This number of iterations was sufficient to identify significant variations in the simulation results and an even number of iterations was convenient also for the visualization of the results. As outputs the model produced simulated landscape maps representing the predicted configuration of land cover classes in the landscape.
The fuzzy similarity index implemented in Dinamica EGO (Almeida et al. 2008; Soares-Filho et al. 2009 ) was used to compare the simulated landscape maps with the observed deforestation pattern (phase iv in Fig. 2) . The method uses gradually expanding analysis windows, which is a useful approach when comparing maps that do not exactly match on a cell-by-cell basis but still have similar spatial patterns within a certain cell vicinity (Mas et al. 2012) . The degree of similarity is expressed as an index ranging from 0 (total disagreement) to 1 (identical maps). The average similarity values of the 16 model iterations were visualized as a fuzzy similarity curve.
RESULTS
The Influence of Individual Accessibility Variables and Landscape Variables on Deforestation Simulations
The simulated landscape maps for groups A1L-A4L and the reference map are presented in Fig. 3 . The different colors show how many times (out of the 16 model iterations) each pixel was classified to the respective land cover class. The model's stochastic allocation procedure results in slightly varying simulation results on a pixel-by-pixel level but the overall pattern stays rather stable over the iterations. In all groups more than 74 % of non-forest cells are allocated to same locations in at least eight model iterations out of the 16. Group A1L simulation depicts the change patterns around Iquitos well but ends up overplaying the vicinity of the city. Change patterns further away from the city are largely missed by this group. Group A2L simulation reveals a different pattern: The change pixels are allocated evenly along the river shores but the model does not distinguish between larger and smaller rivers. Thus, the river banks of the smaller tributaries are emphasized too much at the expense of the urban center. The Group A4L map allocates slightly more deforestation along the larger rivers (south-west of Iquitos) while the group A3L simulation places more emphasis on the smaller rivers in the proximity of the city. Although both of these simulations perform well around the city and along the main rivers, they miss the smaller deforestation patches further away from Iquitos.
The fuzzy similarity indices associated with these simulations are presented in Fig. 4 . Each line represents the average of the 16 model iterations. Variation between the iterations was minor and thus the order of the curves would remain the same regardless of which model realizations were presented in the figure.
The order of the curves is clear: Groups A4L and A3L are the most successful in replicating the actual pattern of deforestation. When the maps are compared pixel-by-pixel (window size 1) both group A4L and group A3L simulations catch approximately 40 % of the actual pattern. With growing window size the similarity increases and at 2 km pixel size the similarity between group A3L and group A4L simulations and the reference map is nearly 0.79. At small window sizes, group A1L is close to the level of groups A4L and A3L but as the fuzziness of location is increased the difference between these groups becomes larger. At 2 km cell size, group A1L has a similarity value of 0.76. Group A2L is clearly less successful with its simulations. On a pixel-by-pixel scale the similarity of group A2L simulation to the actual pattern is 0.32 and at 2 km resolution it reaches a similarity of 0.73. For Fig. 3 Simulated maps resulting from model runs with variable groups A1L-A4L and groups A1A2L and A4A2L. The reference map shows the true pattern of deforestation comparison, the curve of Group L is also displayed. It runs clearly below the groups that contain data on accessibility.
The Influence of Complementary Accessibility Variables and Landscape Variables on Deforestation Simulations
The two maps at the bottom of Fig. 3 show the results of model runs where two accessibility measures (distance to network and distance to center as Euclidean distance and as time distance) were put together and analyzed with the landscape variables. A visual comparison suggests that the two simulated maps do not differ much; the most notable difference is that group A1A2L (accessibility to center as Euclidean distance) allocates slightly more change pixels to the study area's borders north-east and south-east of Iquitos whereas group A4A2L (accessibility to center as time distance) avoids these areas that are in terms of time distant from Iquitos.
The fuzzy similarity indices (Fig. 5) confirm that, at small window sizes, differences in the accuracy of the simulations are small. For comparison, the fuzzy similarity curves of groups A1L and A4L are visualized too. As the analysis window grows, group A4A2L outperforms the other groups and is the most successful of all the 11 model runs. At 2 km cell size, the average similarity index of this group is 0.80. The simulations with group A1A2L are considerably more accurate than the simulations with groups A1L and A2L, which contained only one of the Euclidean measures. Furthermore, when the two Euclidean measures are put together, the accuracy of the simulations is much closer to the accuracy reached by the groups that contained more sophisticated distance measures: At 2 km analysis window size, the fuzzy similarity index of group A1A2L is 0.79 and finally, at 2.5 km window size, group A1A2L becomes slightly better than group A4L.
DISCUSSION
Quantification of Accessibility Makes a Difference
The need for better surrogates for human influence (that would for example take into account networks that guide the movement of people) was identified as a research priority among the LUCC community nearly 10 years ago (Verburg et al. 2004b ). Since then, LUCC modelers have, to some extent, employed different accessibility measures-travel times, transport costs, and the like-as model inputs. Simple Euclidean measures are still very common-perhaps because they are easy and fast to compute-and in many cases no reasons or alternatives are presented for the selection of accessibility variables.
Based on our results it is nevertheless clear that using different accessibility measures as inputs for a LUCC model produce considerably different simulation results. The time distance measure shows the strongest performance in all the tests and seems to capture essential aspects of human pressure on the environment: when individual accessibility measures were tested in association with the landscape variables the best results were obtained with a variable group containing time distance to center. The most accurate simulated landscape maps resulted from the variable group that contained both time distance to center and distance to network together with the landscape variables.
Network distance measures perform nearly as well as time distance ones, which is not surprising given the similarity of these measures (see Salonen et al. 2012 ). In contrast, the most commonly used accessibility surrogatesEuclidean distance to center and Euclidean distance to network-are less stable in their performance when they are used separately from each other. However, the simulation resulting from group L, which did not have any accessibility information, was clearly the least successful compared to the results from groups that had at least some measure of accessibility, indicating that even simple measures of accessibility can be useful and improve the accuracy of the model. Moreover, when put together the two simple measures complement each other and the joint effect of these two measures ended up being nearly as accurate as the effect of the single time distance measure.
Indeed, the optimal representation of accessibility depends on the context. In areas where the transportation network around centers is regular and dense, the Euclidean distance to center may provide a good proxy for accessibility (e.g., Apparicio et al. 2008) . Similarly, in areas where the influence of centers is minor, measuring distances to transport networks might be enough. In our case the combination of these measures provided much more accurate representation of accesseven when both of these were measured as Euclidean distances.
In areas where the friction of movement cannot be considered homogeneous across the landscape, more sophisticated measures can increase the reliability of LUCC simulations. As our study shows, accessibility measures that incorporate spatial patterns and properties of the network may also provide added value for the LUCC analysis in the case of fluvial networks. Other studies conducted in completely different study areas confirm these findings: Nelson and Hellerstein (1997) tested their land change model of central Mexico with cost distance and Euclidean measures and found the former to work better. In mountainous areas of the Philippines, Verburg et al. (2004a) found that accessibility measured as travel time and travel cost were better predictors of agricultural land use patterns than simple Euclidean measures.
The phenomenon under study also affects the selection of the appropriate measure for representing accessibility. Land change-such as deforestation here-is a result of multiple processes. If land change is primarily driven by the commercial farming of perishable products, time distance to market logically is an important determinant of such changes (Salonen et al. 2012 ). In the case of nonperishable products, such as long-lasting fruit or timber, distance to transport network, transport costs, or agricultural rent might become the most critical components of accessibility, thus affecting the selection of the appropriate accessibility metrics (Verburg et al. 2004a; Mann et al. 2010) .
Model Performance
Although simulated LUCC scenarios are widely accepted as an efficient way of communicating scientific results on land change dynamics for decision makers and land users (Veldkamp and Lambin 2001; Fuller et al. 2011) , the predictive power of LUCC models often remains low, both in terms of the location and the rate of change (Pontius et al. 2008 ). Whereas our best simulation reached a mean fuzzy similarity index of 0.8 at 2 km window size, the index at a similar resolution remained close to 0.5 in a case study conducted in the Mexican highlands (Guerrero et al. 2008 ) and under 0.6 in a case study of Brazilian Amazonia (Maeda et al. 2010) . A case study of Bolivian Amazonia (Mas et al. 2012 ) reached a similarity of over 0.8 at 2 km resolution, and an urban land use simulation in Brazil reached 0.85 similarity at even smaller window sizes (Almeida et al. 2008) . When comparing these results, it should be noted that the size of the study area, the rate of change, and the number of included land use/land cover classes differed between these studies. Thus, comparison of the fuzzy similarity values between different study settings should be viewed as tentative in nature.
Smaller deforestation areas far away from the center are poorly recognized by our models and accessibility does not explain these patterns. There are many possible explanations for this. First, unlike commercial farmers, groups living mainly in a subsistence economy are not sensitive to market access in their location decisions (Chomitz and Gray 1996) . Moreover, the most remote areas might be subject to considerable pressure from illegal or non-resident extractors and loggers due to unclear property rights and highly valued natural resources (Viña et al. 2004) .
Outside the scope of this paper but definitely worth further study is the influence of the scale and spatial extent of the analysis on the accuracy of the different accessibility measures.
CONCLUSIONS
This study demonstrates that a proper representation of accessibility is central for achieving more reliable LUCC simulations and that more consideration is needed regarding the selection of accessibility measures and the methods used to produce them. In our results, time distance to market center captured the most essential aspects of accessibility. Two complementary Euclidean measures together achieved a nearly similar degree of accuracy as that attained by the variable group where time distance alone represented accessibility. Based on these examples, we recommend that LUCC modelers test the effect of different accessibility variables and their combinationspaying attention to site-specific characteristics of the transport networks and the type of phenomenon analyzed. As we have shown, using more sophisticated measures of accessibility in LUCC modeling has the potential to improve the spatial accuracy of models, reducing uncertainties and providing more reliable simulations for end users.
